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bstract
To establish a quantitative structure-activity relationship model of the binding affinity constants (−log Ki) of 41 flavonoid
erivatives towards the GABA (A) receptor, the DFT-B3LYP method with basis set 6-31G (d) was performed to gain insights into
he chemical structure and property information for the studied compounds. The best topological and electronic descriptors were
elected. This work was conducted with principal component analysis (PCA), multiple linear regression (MLR), multiple non-linear
egression (MNLR) and artificial neural network (ANN). According to these analyses, we propose quantitative models and interpret
he activity of the compounds based on multivariate statistical analysis. The statistical results of the MLR, MNLR and ANN indicate
hat the determination coefficients R2 were 0.896, 0.925 and 0.916, respectively. The results show that the three modelling methods
an predict the studied activity well and may be useful for predicting the biological activity of new compounds. The statistical
esults indicate that the models are statistically significant and stable with data variation in the external validation.
 2016 The Authors. Production and hosting by Elsevier B.V. on behalf of Taibah University. This is an open access article under
he CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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.  Introduction
The increase in the speed and efficiency of drug
iscovery has been aided by large investments from
ajor pharmaceutical companies to reduce the cost perPlease cite this article in press as: M. Ghamali, et al. Combin
tion of flavonoids with the GABA (A) receptor using electronic
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synthesized compound or assay. Computational models
that can predict the biological activity of compounds
based on their structural properties are powerful tools to
design highly active molecules. In this sense, quantita-
tive structure–activity relationship (QSAR) studies have
been successfully used to model the biological activities
of natural and synthetic chemicals [1].
Flavonoids are a group of naturally existing polyphe-
nolic compounds that are ubiquitously found ining DFT and QSAR computation to predict the interac-
 and topological descriptors, J. Taibah Univ. Sci. (2016),
behalf of Taibah University. This is an open access article under the
fruits and vegetables [2–4]. Chemically, flavonoids are
benzo--pyrone derivatives. They have shown poten-
tial for application in various pharmacological targets.
Flavonoids have been the aim of many intense studies
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because of their great number and interesting bio-
logical activities [5–8]. Thus, this class of molecules
is considered to be an ideal subject of QSAR stud-
ies using different descriptors and modelling methods.
Amic´ et al. derived a QSAR model to predict the
free-radical-scavenging activity for 29 flavonoids using
topological and electronic descriptors; the authors sug-
gest that the free-radical scavenger potential of these
polyphenolic compounds closely depends on the par-
ticular substitution pattern of free hydroxyl groups on
the flavonoid skeleton [9]. Stefanic et al. performed a
quantum chemical/classical QSAR study on a dataset
of flavonoid derivatives and closely related compounds,
which were tested as p56lck protein tyrosine kinase and
aldose reductase inhibitors, and the obtained structure-
activity relationships of both enzyme systems were
compared [10]. Sivakumar et al. established QSARs
for the reported anti-tuberculosis activity of chalcones
compounds, flavones and flavanones using a robust sta-
tistical technique (GFA) [11]. Rasulev et al. applied
various descriptors with the DRAGON software and
quantum-chemical using GA-MLR analysis [12]. Here,
we consider the biological activity of flavonoids towards
the GABA receptor, which can be a guide for the rational
design of further potent and selective inhibitors, par-
ticularly for their actions in the central nervous system
(CNS). Although their actions in the central nervous sys-
tem occur through a diversity of interactions with diverse
receptors and signalling pathways, some of these special
effects should be mediated by ionotropic GABA, partic-
ularly GABA (A) receptors. These compounds have been
shown to have a potent anxiolytic effect that is not asso-
ciated with side effects, such as myorelaxant, amnestic,
or sedative actions [13]. Thus, they are considered to be
the safest available psychoactive drugs for clinical use
[14]. As a result, several attempts have been made to
make synthetic flavonoid derivatives with higher affini-
ties for the GABA (A) receptor [15–17]. In addition,
although various QSAR studies have analysed the inter-
action of flavonoids with the GABA receptor [18–20],
only a few QSAR models have been developed [21,22].
These QSAR models involved only a few flavonoid
derivatives in the training step; thus, they result in an
incomplete description of the chemical space. Based on
37 flavones, Marder et al. found that the best linear
model is described by the following statistical qual-
ity: R2 = 0.817, MSE = 0.929 and F  = 49.38. The other
QSAR model that Hadjipavlou-Litina et al. proposed
2Please cite this article in press as: M. Ghamali, et al. Combin
tion of flavonoids with the GABA (A) receptor using electronic
http://dx.doi.org/10.1016/j.jtusci.2016.06.005
using a set of 17 flavones has R = 0.819, MSE = 0.576,
R2LOO = 0.725 and F  = 19.65.
In this study, we attempt to build new QSAR mod-
els for the interaction of 41 flavonoid derivatives with1
Fig. 1. Chemical structure of the studied compounds.
the GABA (A) receptor using several statistical tools:
principal components analysis (PCA), multiple linear
regression (MLR), nonlinear regression (RNLM) and
artificial neural network (ANN) calculations. To test the
performance and stability of this model, we used the
validation method.
2.  Materials  and  methods
2.1.  Data  sources
In the present study, we selected 41 flavonoid deriva-
tives with reported activity values in the literature by
[23]. The activity was expressed as Ki and is defined
as the binding affinity constants of flavonoid deriva-
tives to the GABA (A) receptor. Because the potency
values cover a wide range, they are converted into loga-
rithm units (log 1/Ki) (Ki in nM) for modelling purposes.
Fig. 1 shows the basic structure of the flavones, and
Table 1 shows the substitutes of the studied compounds
and corresponding experimental activities (−log Ki). To
properly validate our data set with a QSAR model, 41
flavonoid derivatives were divided into training and test
sets. In total, 28 molecules were placed in the train-
ing set to build the QSAR models, and the remaining
13 molecules composed the test set. The division was
performed using random selection.
2.2.  Molecular  descriptors
At present, many molecular descriptors are used in
QSAR studies. After they are validated, the findings can
be used to predict the activity of untested compounds.
3D structures of molecules were generated using
Gaussian View 3.0. Then, the electronic descriptors were
computed using the Gaussian 03W package [24]. The
geometries of the 41 flavonoids were optimized using the
DFT method with the B3LYP functional and 6-31G (d)
base set. Then, several related structural parameters wereing DFT and QSAR computation to predict the interac-
 and topological descriptors, J. Taibah Univ. Sci. (2016),
selected from the quantum computation results: highest
occupied molecular orbital energy EHOMO (eV), low-
est unoccupied molecular orbital energy ELUMO (eV),
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Table 1
List of 41 flavonoids and their binding affinities towards GABA (A) receptor (−log Ki, Ki in nM).
N R1 R2 R3 R4 R1 ′ R2 ′ R3 ′ −log Ki
1 H H H H H H H 6.000
2 H F H H H OH H 5.600
3 H Cl H H H OH H 6.070
4 H Br H H H OH H 6.220
5* H F H H H NO2 H 6.740
6 H Cl H H H NO2 H 8.100
7 H Cl H H H H OCH3 5.900
8* H Br H H H H OCH3 5.680
9* H Br H H NO2 H H 6.680
10 H NO2 H H H H Br 7.600
11* H Cl H H F H H 6.380
12 H Br H H F H H 6.420
13 H H H H H F H 5.450
14 H F H H H F H 6.040
15 H Cl H H H F H 6.930
16* H Br H H H F H 7.380
17 H H H H H H F 5.440
18* H F H H H H F 5.600
19 H Cl H H H H F 6.740
20* H Br H H H H F 6.940
21 H H H H H Cl H 6.210
22 H F H H H Cl H 6.700
23* H Cl H H H Cl H 7.640
24 H Br H H H Cl H 7.770
25 H H H H H Br H 6.380
26 H F H H H Br H 6.630
27 H Cl H H H Br H 7.640
28 H Br H H H Br H 7.720
29* H Br H H H H H 7.150
30* H Br H H H H NO2 6.700
31 H NO2 H H H NO2 H 7.920
32* H Br H H H NO2 H 9.000
33 OH Br OH Br H H H 6.150
34 OH H OH H H H H 5.520
35* OH H OH H H H OH 5.520
36* OH H OH H Cl H H 5.100
37 OH H OH H F H H 5.100
38 OH OCH3 OH H H H OH 6.000
39 OH OH OH H H H H 5.250
40 OH OH OH H H H OH 4.920
4 H3
d
a
(
m
ω
c1 OH H OH OC
* Test set.
ipole moment (DM) (Debye), total energy ET (eV),
bsolute hardness η  (eV), absolute electronegativity χ
eV), and reactivity index ω  (eV). η, χ  and ω  were deter-
ined using the following equations [25]:
η  = (ELUMO −  EHOMO)
2
,  χ  = (ELUMO −  EHOMO)
2
,
 = μ
2Please cite this article in press as: M. Ghamali, et al. Combin
tion of flavonoids with the GABA (A) receptor using electronic
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2η
The ACD/ChemSketch program [26] was used to
alculate the following topological descriptors: molarH H H 5.690
volume MV (cm3); molecular weight MW (g/mol);
molar refractivity MR (cm3); parachor Pc (cm3); den-
sity D  (g/cm3); refractive index n; surface tension γ
(dyne/cm3). Thus, the descriptor data matrix of dimen-
sion (41*14) was generated as shown in Table 2.
2.3.  Statistical  analysising DFT and QSAR computation to predict the interac-
 and topological descriptors, J. Taibah Univ. Sci. (2016),
The quantitative structure-activity relationship
(QSAR) study is a statistical approach to establish
empirical models that relate the biological activity of
compounds to their chemical structures. In this QSAR
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Table 2
Values of the obtained parameters of the studied flavonoid derivatives.
N −log Ki ET EHOMO ELUMO DM ω η χ MW MR MV Pc n γ D
1 6.000 −19,825.38 −6.35 −1.80 4.20 3.642 2.278 −4.073 222.239 64.200 179.200 475.700 1.635 49.500 1.239
2 5.600 −24,575.59 −6.31 −1.91 5.95 3.841 2.199 −4.110 256.229 66.080 181.900 498.300 1.646 56.300 1.408
3 6.070 −34,388.26 −6.37 −1.98 6.43 3.978 2.192 −4.176 272.683 70.980 189.600 528.100 1.671 60.100 1.437
4 6.220 −91,884.65 −6.35 −1.98 6.29 3.973 2.186 −4.168 317.134 73.770 193.800 542.000 1.686 61.000 1.635
5* 6.740 −28,095.96 −6.73 −2.78 1.76 5.734 1.975 −4.759 285.227 70.740 195.300 540.100 1.644 58.400 1.460
6 8.100 −37,908.63 −6.80 −2.82 2.26 5.813 1.988 −4.808 301.681 75.640 203.000 569.900 1.667 62.000 1.485
7 5.900 −35,458.63 −6.13 −1.84 7.34 3.700 2.147 −3.986 286.710 75.780 215.200 571.500 1.621 49.700 1.332
8* 5.680 −92,955.02 −6.12 −1.83 6.29 3.683 2.146 −3.976 331.607 78.570 219.400 585.400 1.634 50.600 1.508
9* 6.680 −95,404.75 −6.56 −2.76 6.28 5.722 1.897 −4.659 346.132 78.440 207.200 583.800 1.681 62.900 1.669
10 7.600 −95,405.04 −6.84 −2.70 6.42 5.501 2.071 −4.773 346.132 78.440 207.200 583.800 1.681 62.900 1.669
11* 6.380 −35,042.14 −6.53 −1.97 5.60 3.955 2.281 −4.248 274.674 69.090 195.400 520.200 1.625 50.200 1.405
12 6.420 −92,538.52 −6.48 −1.96 5.46 3.944 2.257 −4.219 319.125 71.890 199.600 534.100 1.639 51.200 1.598
13 5.450 −22,527.49 −6.47 −1.95 2.75 3.929 2.255 −4.210 240.229 64.200 183.400 483.000 1.616 48.000 1.309
14 6.040 −25,229.56 −6.52 −2.09 3.74 4.179 2.218 −4.306 258.220 64.190 187.600 490.400 1.599 46.600 1.375
15 6.930 −35,042.23 −6.60 −2.16 4.17 4.317 2.218 −4.377 274.674 69.090 195.400 520.200 1.625 50.200 1.405
16* 7.380 −92,538.62 −6.55 −2.16 4.03 4.313 2.197 −4.353 319.125 71.890 199.600 534.100 1.639 51.200 1.598
17 5.440 −22,527.50 −6.39 −1.84 3.47 3.729 2.275 −4.119 240.229 64.200 183.400 483.000 1.616 48.000 1.309
18* 5.600 −25,229.57 −6.47 −1.98 4.09 3.984 2.243 −4.228 258.220 64.190 187.600 490.400 1.599 46.600 1.375
19 6.740 −35,042.25 −6.54 −2.06 4.40 4.118 2.243 −4.298 274.674 69.090 195.400 520.200 1.625 50.200 1.405
20* 6.940 −92,538.63 −6.51 −2.05 4.28 4.109 2.229 −4.280 319.125 71.890 199.600 534.100 1.639 51.200 1.598
21 6.210 −32,340.14 −6.53 −2.01 4.87 4.031 2.262 −4.270 256.684 69.100 191.200 512.800 1.642 51.700 1.342
22 6.700 −35,042.22 −6.57 −2.14 3.30 4.286 2.214 −4.356 274.674 69.090 195.400 520.200 1.625 50.200 1.405
23* 7.640 −44,854.89 −6.64 −2.21 3.74 4.418 2.215 −4.424 291.129 73.990 203.100 550.000 1.648 53.700 1.432
24 7.770 −102,351.28 −6.59 −2.20 3.60 4.410 2.191 −4.396 355.580 76.790 207.400 563.900 1.662 54.600 1.617
25 6.380 −89,836.54 −6.50 −2.01 2.40 4.039 2.246 −4.259 301.135 71.890 195.400 526.800 1.656 52.700 1.540
26 6.630 −92,538.61 −6.56 −2.14 3.41 4.286 2.208 −4.351 319.125 71.890 199.600 534.100 1.639 51.200 1.598
27 7.640 −102,351.27 −6.64 −2.20 5.37 4.399 2.222 −4.421 355.580 76.790 207.400 563.900 1.662 54.600 1.617
28 7.720 −159,847.66 −6.59 −2.20 5.27 4.390 2.198 −4.393 380.031 79.580 211.600 577.800 1.675 55.500 1.795
29* 7.150 −89,836.52 −6.46 −2.00 5.40 4.013 2.229 −4.229 301.135 71.890 195.400 526.800 1.656 52.700 1.540
30* 6.700 −95,405.02 −6.80 −3.06 2.87 6.507 1.867 −4.929 346.132 78.440 207.200 583.800 1.681 62.900 1.669
31 7.920 −30,962.37 −7.25 −3.00 5.32 6.181 2.126 −5.127 312.234 77.290 202.900 589.800 1.686 71.300 1.538
32* 9.000 −95,405.02 −6.73 −2.82 2.13 5.821 1.955 −4.771 346.132 78.440 207.200 583.800 1.681 62.900 1.669
33 6.150 −163,944.34 −6.16 −2.24 6.68 4.499 1.959 −4.199 412.030 83.350 208.500 608.300 1.731 72.400 1.976
34 5.520 −23,921.46 −6.03 −1.53 3.67 3.177 2.249 −3.780 254.238 67.970 176.100 506.100 1.698 68.200 1.443
35* 5.520 −25,969.62 −5.83 −1.37 2.40 2.908 2.228 −3.600 270.237 69.850 174.500 521.400 1.732 79.500 1.548
36* 5.100 −36,436.04 −6.09 −1.44 2.99 3.051 2.326 −3.767 288.683 72.860 188.000 543.300 1.702 69.600 1.534
37 5.100 −26,623.46 −6.05 −1.48 2.95 3.104 2.286 −3.768 272.228 67.960 180.300 513.500 1.677 65.700 1.509
38 6.000 −29,088.07 −5.83 −1.39 2.74 2.931 2.223 −3.610 300.263 76.530 198.500 580.000 1.697 72.800 1.512
39 5.250 −25,969.57 −6.04 −1.56 3.69 3.220 2.241 −3.799 270.237 69.850 174.500 521.400 1.732 79.500 1.548
40 4.920 −28,017.74 −5.85 −1.40 2.78 2.954 2.226 −3.627 286.236 71.730 172.900 536.600 1.767 92.500 1.654
41 5.690 −27,039.56 −5.82 −1.51 4.14 3.117 2.155 −3.665 284.263 74.640 200.100 564.800 1.668 63.400 1.420
* Test set
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tudy, quantitative descriptors are used to explain the
hemical structure and describe the relationship between
he chemical structure and the biological activity. To
xplain the structure-activity relationship, these 14
escriptors were calculated for the 41 molecules using
he Gaussian03W and ChemSketch programs.
The quantitative descriptors of the flavonoid deriva-
ives were studied using statistical methods based on
he principal component analysis (PCA) [27] with the
oftware XLSTAT version 2013 [28]. The PCA is a use-
ul statistical technique to obtain the maximal amount
f encoded information in the compound structures and
nderstand the distribution of the compounds [29]. This
ethod is an essentially descriptive statistical method
o graphically present the maximum information in the
ata, as shown in Tables 1 and 2.
The multiple linear regression (MLR) analysis with
ackward elimination of variables is used to model
he structure-activity relationship. This mathematical
echnique minimizes the difference between actual and
redicted values. It is also used to select the descriptors
s input variables in the multiple nonlinear regression
MNLR) and artificial neural network (ANN).
MLR and MNLR were generated using the software
LSTAT version 2013. To predict −log Ki, the equa-
ions were justified by the determination coefficient (R2),
ean squared error (MSE), Fisher’s criterion (F) and
ignificance level (P).
The ANN analysis was performed using Matlab soft-
are version 2009a Neural Fitting tool (nftool) toolbox
n a data set of the compounds [30]. A number of
ndividual models of the ANN were designed, built
nd trained. Three components constitute a neural net-
ork: the processing elements or nodes, the topology
f the connections among the nodes, and the learn-
ng rule by which new information is encoded in the
etwork. Although there many different ANN models,
he most frequently used type of ANN in QSAR is the
hree-layered feed-forward network [31]. In this type of
etwork, the neurons are arranged in layers as an input
ayer, a hidden layer and an output layer. Each neuron in
ny layer is fully connected with the neurons of a suc-
eeding layer, and there are no connections among the
eurons in the same layer.
According to the supervised learning that we used
ere, the networks were taught with examples of input
atterns and the corresponding target outputs. Through
n iterative process, the connection weights were mod-Please cite this article in press as: M. Ghamali, et al. Combin
tion of flavonoids with the GABA (A) receptor using electronic
http://dx.doi.org/10.1016/j.jtusci.2016.06.005
fied until the network provided the desired results for
he training set of data. A back-propagation algorithm
as used to minimize the error function. This algorithm
as described with a simple application example [32], PRESS
rsity for Science xxx (2016) xxx–xxx 5
and the details of this algorithm are provided elsewhere
[33].
Testing the stability, predictive capacity and general-
ization ability of the models are notably important steps
in a QSAR study. To validate the predictive capacity of
a QSAR model, there are two basic principles: inter-
nal validation and external validation. Cross-validation
is a popular method for internal validation. In this study,
the internal predictive capability of the model was eval-
uated using the leave-one-out cross-validation (R2cv).
A good R2cv often indicates good robustness and high
internal predictive capacity of the QSAR model. How-
ever, recent studies [34] indicate that there is no evident
correlation between the value of R2cv and the actual pre-
dictive capacity of a QSAR model, which suggests that
R2cv remains inadequate as a reliable estimate of the
model’s predictive capacity for all new chemicals. To
determine both the generalizability of QSAR models for
new chemicals and the true predictive capacity of the
models, a statistical external validation is applied in the
model development step by properly using a prediction
set for validation.
To further refine the predictive ability of the devel-
oped QSAR models, another group of metrics, the rm2
metrics, which determines the proximity between the
observed and predicted activities, was introduced by Roy
and Roy [35]. The rm2 metrics are calculated based on
the correlation of the observed and predicted response
data. Presently two different indicators are calculated
for both training (internal validation) and test (external
validation) sets: rm2 and rm2. For an acceptable QSAR
model, rm2 should be >0.5, and rm2 should be <0.2.
3.  Results  and  discussion
3.1.  Data  set  for  analysis
A QSAR study was performed to study the interac-
tion of 41 flavonoids with the GABA (A) receptor, as
previously reported [23], to determine the quantitative
relationship between the structure as well as the biolog-
ical activity. The values of the calculated descriptors are
shown in Table 2.
3.2.  Principal  component  analysis
In total, 14 descriptors that encode the 41 moleculesing DFT and QSAR computation to predict the interac-
 and topological descriptors, J. Taibah Univ. Sci. (2016),
were submitted to principal component analysis
(PCA)[36]. The first three principal axes sufficiently
describe the information provided by the data matrix.
Indeed, the percentages of variance are 49.82%; 24.74%
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and 11.58% for axes F1, F2 and F3, respectively. The
total information is estimated to be 86.15%.
Principal component analysis (PCA) [37] was con-
ducted to identify the link among different variables.
Table 3 presents the correlation matrix that represents
the correlations among the fourteen descriptors.
The obtained matrix provides information on the high
or low relationship among the variables. In general,
co-linearity (r  > 0.5) was observed among most of the
variables and between the variables and −log Ki. A
high interrelationship was observed between ELUMO and
ω(r = −0.996), and a low interrelationship was observed
between −log Ki and DM (r  = 0.024). Additionally, to
decrease the redundancy in our data matrix, the highly
correlated descriptors (R  ≥  0.9) were excluded.
3.3.  Multiple  linear  regression  MLR
Many attempts have been made to develop a relation-
ship with the indicator variable of the biological activity
−log Ki, but the best relationship that was obtained using
this method only corresponds to the linear combination
of several selected descriptors: the energy EHOMO, dipole
moment (DM), Molar Refractivity (MR) and Surface
Tension (γ).
The resulting equation is:
−  log Ki =  −11.768 −  1.825 ×  EHOMO
−  0.124 ×  DM +  0.111 ×  MR
−  1.734 ×  10−2 ×  γ  (1)
Ntraining = 28; R2 = 0.896; R2cv = 0.825; rm2
(LOO) = 0.732; rm2 (LOO) = 0.140; MSE = 0.100;
F = 49.53; P  < 0.0001; Ntest = 13; R2pred = 0.822; rm2
(test) = 0.675; rm2 (test) = 0.155; MSEtest = 0.127
where N  is the number of compounds (training set or
test set), R2 is the determination coefficient, MSE is the
mean squared error, F  is Fisher’s criterion, and P  is the
significance level.
A higher correlation coefficient and a lower mean
squared error indicate that the model is more reliable.
P smaller than 0.05 shows that the regression equation
is statistically significant. The QSAR model expressed
by Eq. (1) was cross-validated using its noticeable R2cv
value (R2cv = 0.825), which was obtained using the
2Please cite this article in press as: M. Ghamali, et al. Combining DFT and QSAR computation to predict the interac-
tion of flavonoids with the GABA (A) receptor using electronic and topological descriptors, J. Taibah Univ. Sci. (2016),
http://dx.doi.org/10.1016/j.jtusci.2016.06.005
leave-one-out (LOO) method. A value of R cv greater
than 0.5 is the essential condition to qualify a QSAR
model as valid [34]. Additionally, the metric values (rm2
and rm2) indicate that the QSAR model is acceptable. Ta
bl
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Table 4
the variance inflation factors (VIF) of descriptors in QSAR model.
Statistic EHOMO DM MR γ
T
V
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tolerance 0.725 0.781 0.610 0.597
IF 1.379 1.280 1.639 1.676
his reported model has also been used to predict the
log Ki values of the remaining 13 compounds in
he test set. Such predicted values are also recorded
n Table 6. R2pred is 0.822, which confirms that the
roposed model has a better predictive ability. MSE and
SEtest are 0.100 and 0.127, respectively. The corre-
ation coefficients among descriptors in the model were
alculated using the variance inflation factor (VIF), as
hown in Table 4. The VIF  was defined as 1/(1 −  R2),
here R  is the multiple correlation coefficient for an
ndependent variable against all other descriptors in the
odel. If VIF  is greater than 5, the models are unstable
nd must be eliminated; models with a VIF  value of
 to 4 can be accepted. Table 4 shows that all of the
IF values of the three descriptors are smaller than
.0. Thus, there is no colinearity among the selected
escriptors, and the obtained model is stable.
By interpreting the molecular descriptors in the
egression model, it is possible to gain insight into struc-
ural features that are likely to govern the activity of
he studied compounds, which can be used to study the
ctivity of structurally related compounds.
There are four descriptors in the regression model
hat proved to be important and make statistically signif-
cant contributions to the model. EHOMO has a negativePlease cite this article in press as: M. Ghamali, et al. Combin
tion of flavonoids with the GABA (A) receptor using electronic
http://dx.doi.org/10.1016/j.jtusci.2016.06.005
ign in the model, which can be used to measure the
lectron-donating ability. A lower EHOMO corresponds
o a weaker electron-donating ability, which indicates
hat the electrophilic reaction occurs more easily and
R
es
id
u
4
5
6
7
8
9
987654
-l
o
g
K i
Pred (-log  Ki)
Fig. 2. Graphical representation of calculated and observed  PRESS
rsity for Science xxx (2016) xxx–xxx 7
the flavonoid derivatives have higher biological activ-
ity. As an electronic descriptor, DM can describe the
polarity of the compounds and depends on the solu-
bility of molecules. The dipole moment has a negative
sign in the model, which suggests that the activity can
be increased by decreasing the polarity of the flavonoid
derivatives. MR is an important criterion to measure the
steric factor. It is simply used to measure the volume
occupied by either an atom or a molecule. MR relatively
increases with the size and molecular weight of the stud-
ied flavonoids and has a positive sign in the model, which
suggests that the activity can be increased by increasing
the size of the flavonoid derivatives. Surface tension (γ)
as a steric descriptor has some effects on the values of
−log Ki. γ  is considered to be one of the most important
factors that determine the penetrability and spreading of
the drugs [38]. Consequently, it may be expected that
the drugs with low surface tension values more easily
penetrate and bind to the binding site than those with
higher values. Thus, the negative sign of γ  in the model
suggests that the activity can be increased by decreasing
the surface tension of the studied compounds.
The correlations of the predicted and observed activ-
ities and the residual graph of absolute numbers are
shown in Fig. 2. As observed, these data are uniformly
distributed around the regression line. Therefore, the pro-
posed descriptors in Eq. (1) by MLR are used as the input
variables in the multiple nonlinear regressions (MNLR)
and artificial neural network (ANN).
3.4.  Multiple  nonlinear  regression  MNLRing DFT and QSAR computation to predict the interac-
 and topological descriptors, J. Taibah Univ. Sci. (2016),
We also used the nonlinear regression model to
improve the structure activity in a quantitative manner
considering several parameters. This model is the most
0
0.5
1
1.5
27252321191715131197531
Observations
toxicity and the residues values calculated by MLR.
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Fig. 3. Graphical representation of calculated and obs
common tool to study multidimensional data. We used
the data matrix of the proposed descriptors by the MLR,
which correspond to 28 compounds (training set).
The obtained equation is:
−  log Ki =  −46.438 −  7.014 ×  EHOMO +  0.498
× DM +  0.534 ×  MR +  2.733 ×  10−2
×  γ  −  0.408 ×  E2HOMO −  6.768 ×  10−2
×  DM2 −  2.876 ×  10−3 ×  MR2
−  3.161 ×  10−4 ×  γ2 (2)
The obtained parameters that describe the electronic
and topological aspects of the studied molecules are:
Ntraining = 28; R2 = 0.925; R2cv = 0.784; rm2
(LOO) = 0.707; rm2 (LOO) = 0.029; MSE = 0.088;
Ntest = 13; R2pred = 0.874; rm2 (test) = 0.695; rm2
(test) = 0.131; MSEtest = 0.116
The QSAR model expressed by Eq. (2) was cross-
validated by its appreciable R2cv values (R2cv = 0.784),
which was obtained using the leave-one-out (LOO)
method. A value of R2cv greater than 0.5 is the essen-
tial condition to qualify a QSAR model as valid [34].
In addition, the metric values (rm2 and rm2) indicate
that the QSAR model is acceptable. The robustness and
predictive ability of the model were further supported
by the significant R2pred value (0.874) of the test setPlease cite this article in press as: M. Ghamali, et al. Combin
tion of flavonoids with the GABA (A) receptor using electronic
http://dx.doi.org/10.1016/j.jtusci.2016.06.005
data. According to internal, external and metric values,
the MNLR model is better than the MLR model.
The correlations of the predicted and observed activ-
ities and the residual graph of the absolute numbers areObservations
oxicity and the residues values calculated by MNLR.
shown in Fig. 3. As observed, these data are uniformly
distributed around the regression line.
3.5.  Artiﬁcial  neural  networks  ANN
ANN has become an important and widely used non-
linear modelling technique for QSAR studies. It can
be used to generate a predictive model of the quan-
titative structure-activity relationship (QSAR) between
the molecular descriptors, which are obtained from the
MLR, and the observed activity. The ANN calculated
activity model was developed using the characteristics
of the studied compounds. The correlation of the pre-
dicted and observed activities and the residual graph of
absolute numbers are shown in Fig. 4.
Ntraining = 28; R2 = 0.916; R2cv = 0.745; rm2
(LOO) = 0.689; rm2 (LOO) = 0.153; MSE = 0.085;
Ntest = 13; R2pred = 0.712; rm2 (test) = 0.666; rm2
(test) = 0.123; MSEtest = 0.181
The obtained determination coefficient (R2) value is
0.916 for this data set of flavonoid derivatives. The cross-
validated squared correlation coefficient (R2cv = 0.745)
and mean squared error (MSE = 0.085) suggest the good
internal consistency and predictive ability of the bio-
logical activity with a low MSE. The ANN model also
shows satisfactory performance in the external validation
(R2pred = 0.712), which confirms that the stability predic-
tion ability for new chemicals.ing DFT and QSAR computation to predict the interac-
 and topological descriptors, J. Taibah Univ. Sci. (2016),
We assessed the best QSAR models that were
developed in this study. Based on previous results, a
comparison of the quality of the MLR, MNLR and
ANN models shows that the MNLR model truly reflects
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Fig. 4. Graphical representation of calculated and ob
etter predictive capability than the MLR and ANN mod-
ls because the MNLR approach provides better results
han MLR and ANN. MNLR establishes a satisfactory
elationship between the molecular descriptors and the
ctivity of the studied compounds. The principal perfor-
ance metrics of the three models are shown in Table 5.Please cite this article in press as: M. Ghamali, et al. Combin
tion of flavonoids with the GABA (A) receptor using electronic
http://dx.doi.org/10.1016/j.jtusci.2016.06.005
.6.  Domain  of  applicability
To evaluate the reliability of any QSAR model and
ts power to predict new compounds, the domain of
Fig. 5. Williams plot for the prObservations
toxicity and the residues values calculated by ANN.
applicability must be defined. The predicted compounds
in this domain may be considered reliable. The applica-
bility domain was discussed based on the Williams graph
in Fig. 5, where the standardized residuals and leverage
values (hi) are plotted. Based on the calculation of the
leverage hi for each compound, the QSAR model is used
to predict the compound activity:ing DFT and QSAR computation to predict the interac-
 and topological descriptors, J. Taibah Univ. Sci. (2016),
hi =  xi(XT X)−1xTi (i  =  1, . .  ., n)
where xi is the row vector of the descriptors of compound
i, and X  is the variable matrix, which is deduced from the
esented MNLR model.
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Table 5
Performance comparison between models obtained by MLR and ANN.
Model Training set Test set
R2cv rm2(LOO) rm2(LOO) MSE R2pred rm2(test) rm2(test) MSE
MLR 0.825 0.732 0.140 0.100 0.822 0675 0.155 0.127
MNLR 0.784 0.707 0.029 0.088 0.874 0.695 0.131 0.116
0.085 0.712 0.666 0.123 0.181
Table 6
Observed values and calculated values of −log Ki according to different
methods.
N◦ −log Ki (obs.) −log Ki (calc.)
MLR NMLR ANN
1 6.000 5.607 5.551 5.477
2 5.600 5.405 5.401 5.507
3 6.070 5.933 5.995 6.058
4 6.220 6.222 6.339 6.289
5* 6.740 7.186 6.858 7.016
6 8.100 7.721 7.576 8.413
7 5.900 6.108 5.764 5.956
8* 5.680 5.515 5.435 5.916
9* 6.680 7.080 7.122 7.591
10 7.600 7.589 7.519 7.620
11* 6.380 6.292 6.367 7.117
12 6.420 6.508 6.667 7.120
13 5.450 6.022 5.721 5.509
14 6.040 6.030 5.883 5.737
15 6.930 6.591 6.710 7.087
16* 7.380 6.821 6.999 7.090
17 5.440 5.801 5.649 5.482
18* 5.600 5.889 5.780 5.635
19 6.740 6.463 6.602 6.733
20* 6.940 6.715 6.914 6.904
21 6.210 6.362 6.519 6.776
22 6.700 6.652 6.674 6.501
23* 7.640 7.208 7.377 7.497
24 7.770 7.431 7.569 7.499
25 6.380 6.915 6.812 5.975
26 6.630 6.914 7.017 6.937
27 7.640 7.313 7.466 7.606
28 7.720 7.526 7.633 7.607
29* 7.150 6.456 6.640 6.896
30* 6.700 6.942 6.912 8.447
31 7.920 8.197 8.134 8.458
32* 9.000 8.905 8.688 8.399
33 6.150 6.688 6.434 6.113
34 5.520 5.183 5.334 5.453
35* 5.520 5.986 5.823 5.453
36* 5.100 5.904 6.040 5.453
37 5.100 5.360 5.385 5.453ANN 0.745 0.689 0.153 
training set variable values. Index T  refers to the trans-
posed matrix/vector. The critical leverage h* is generally
fixed at 3(k  + 1)/N, where N  is the number of training
compounds, and k is the number of model parameters.
If the leverage value h  of a compound is higher than
the critical value (h*), i.e., h  > h*, the prediction of the
compound can be considered not reliable.
The Williams plot for the presented MNLR model is
shown in Fig. 5. This plot shows that the leverage values
(hi) of any compound in the training and test sets are
less than the critical value (h* = 0.53). In addition, the
standardized residuals of all compounds in the training
and test sets are less than three standard deviation units
(±3σ), except compound 36 (numbered as compound
13 in the figure according to the test set) is wrongly
predicted (>3σ) with a lower leverage value (h  <  h*).
These erroneous predictions can be attributed to wrong
experimental data instead of the molecular structures
[39]. Therefore, the predicted activity by the developed
MNLR model is reliable.
4.  Conclusion
In this study, we investigated QSAR studies to predict
the binding affinity constants (−log Ki) of 41 flavonoids
towards the GABA (A) receptor.
The robustness of the three constructed models used
in this study has good stability and great predictive
power, as assessed by the internal and external vali-
dations. The selected descriptors in the QSAR models
can illustrate the contributing electronic and steric prop-
erties that are responsible for the activity of flavonoid
derivatives. By interpreting the molecular descriptors in
the regression model, we conclude that the decreased
EHOMO, DM and γ as well as the increased magnitude
of MR are responsible for the greater activity of the stud-Please cite this article in press as: M. Ghamali, et al. Combining DFT and QSAR computation to predict the interac-
tion of flavonoids with the GABA (A) receptor using electronic and topological descriptors, J. Taibah Univ. Sci. (2016),
http://dx.doi.org/10.1016/j.jtusci.2016.06.005
ied compounds. The developed QSAR models in the
present paper may be useful for providing insight into
the mechanisms of flavonoid activity towards the GABA
(A) receptor and higher organisms.
38 6.000 5.816 5.782 5.453
39 5.250 5.213 5.394 5.453
40 4.920 4.969 4.822 5.453
41 5.690 5.570 5.757 5.453
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